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Abstract: Small-scale spatial variability in NO2 concentrations is analysed with the help of pollution
maps. Maps of NO2 estimated by the Airviro dispersion model and land use regression (LUR) model
are fused with measured NO2 concentrations from low-cost sensors (LCS), reference sensors and
diffusion tubes. In this study, geostatistical universal kriging was employed for fusing (integrating)
model estimations with measured NO2 concentrations. The results showed that the data fusion
approach was capable of estimating realistic NO2 concentration maps that inherited spatial patterns
of the pollutant from the model estimations and adjusted the modelled values using the measured
concentrations. Maps produced by the fusion of NO2-LCS with NO2-LUR produced better results,
with r-value 0.96 and RMSE 9.09. Data fusion adds value to both measured and estimated concentra-
tions: the measured data are improved by predicting spatiotemporal gaps, whereas the modelled
data are improved by constraining them with observed data. Hotspots of NO2 were shown in the city
centre, eastern parts of the city towards the motorway (M1) and on some major roads. Air quality
standards were exceeded at several locations in Sheffield, where annual mean NO2 levels were higher
than 40 µg/m3. Road traffic was considered to be the dominant emission source of NO2 in Sheffield.
Keywords: nitrogen dioxide; spatial variability; urban air quality; data fusion; dispersion modelling;
land use regression; Sheffield
1. Introduction
Poor air quality is one of the growing environmental issues in urban areas. Long-
term exposure to air pollution is known to cause various health issues including both
chronic and acute respiratory diseases such as asthma, cancer, cardiovascular diseases,
hospital admission and mortality [1–3]. Air pollution caused 6.4 million deaths worldwide
in 2015, showing the significance of the impact of poor air quality on human health [4]. Both
particulates (e.g., PM10 and PM2.5) and gaseous pollutants have negative impacts on human
health; however, among gaseous pollutants, nitrogen dioxide (NO2) is considered the most
serious pollutant for human health [3]. Many Air Quality Management Areas (AQMAs) in
the UK were declared due the high levels of NO2 exceeding air quality standards set for
human health protection [5]. Among the other challenges of air pollution in urban areas is
the quantification of small-scale spatial variability, which is controlled by local emission
sources, land use features, building density and height and geographical characteristics.
To characterise spatial variability in pollutant concentrations, three approaches are used
most commonly [6]: GIS-based interpolation methods, dispersion models and land use
regression (LUR) models.
Interpolation methods are used to interpolate (predict) air pollutant concentrations
between various air quality monitoring stations to provide better spatial coverage. One of
the basic and probably most widely used approaches for interpolation in geostatistics is
kriging. Kriging interpolates air pollutant levels (e.g., NO2 concentrations) between two
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points by modelling them with Gaussian processes. However, when these approaches
are applied at a local scale, such as an intra-city scale, these methodologies are known to
produce considerable variations in air pollutant concentrations within a small area and are
more effective at large scales, such as national or regional scale [6,7]. For handling these
shortcomings, more advanced kriging techniques (e.g., cokriging and universal kriging)
can be used to combine modelled and measured values of NO2, which further improve the
performance of the interpolation [8,9]. The second approach for spatial modelling is disper-
sion modelling techniques, which are probably the most advanced modelling techniques
for determining the spatial variability of air pollutants in urban areas. Dispersion models
use emission data of different sources (e.g., point, line and area sources), the geophysical
characteristics of the study area and meteorological parameters. Dispersion models have
the potential to incorporate both temporal and spatial dimensions to complement air pol-
lution monitoring. The third approach for modelling spatial variability is LUR models,
which provide an effective alternative to GIS interpolations and dispersion modelling
techniques on urban scales. LUR is a spatial modelling approach used most frequently for
analysing the spatial variability and quantifying public exposure to air pollution in urban
areas. Several authors have preferred LUR to the other approaches [6,10] due the fact that
it produces realistic and detailed maps and is easy to apply.
Integrating and merging data and information from several sources is known as
data fusion [11]. In the literature, data fusion is also referred to as decision fusion, data
combination, data aggregation, multisensor data fusion and sensor fusion. Data fusion
techniques merge observed data with modelled data in a mathematical, objective way,
adding value to both observed and modelled data. The observed data are improved by
filling spatiotemporal gaps, whereas the modelled data are improved by constraining them
with observed data [9]. Therefore, data fusion of observed data with modelled data can
improve urban-scale air quality mapping. Schneider et al. [9] reported that the accuracy of
fused data normally depends on a range of factors, which include (a) the total number of
observations, (b) spatial distribution of the network, (c) uncertainty of the measured data,
and (d) the ability of the model to accurately predict air pollutant levels with high spatial
and temporal resolution.
In this study, firstly, the maps produced by the LUR and Airviro dispersion models are
compared for analysing the spatial variability of NO2 concentrations in Sheffield [12,13].
Secondly, using the universal kriging technique, modelled NO2 concentrations are fused
with the measured concentrations in a view to further improve the spatial maps of NO2.
Measured NO2 concentrations in the form of points provide absolute values, whereas
modelled concentrations provide spatial patterns for the fused high-resolution maps,
which are helpful for understanding local-level spatial variability of air pollution and
quantifying public exposure in urban areas. This study used measured NO2 concentrations
from three sources (reference sensors, low-cost sensors (LCS) and diffusion tubes) and
estimated concentrations from two sources (Airviro dispersion model and LUR model).
Measurements of LCS and diffusion tubes are not as reliable as of reference sensors;
however, due to cheaper price and maintenance they provide better spatial coverage and a
unique opportunity for the spatial modelling of different air pollutants.
The rest of the paper is structured as follows: the methodology of this paper is
presented in Section 2. In the Methodology, Section 2.1 provides a brief description of the
study area, Section 2.2 describes the air quality monitoring network (AQMN) in Sheffield,
Section 2.3 describes the NO2 map estimated by Airviro, Section 2.4 describes the NO2
map estimated by LUR and Section 2.5 describes kriging and universal kriging techniques.
Results and discussion are presented in Section 3 and the main conclusions of this study
are presented in Section 4.
2. Methodology
In this paper, NO2 concentrations are analysed from the AQMN in Sheffield. In the
first part of the paper, spatial variability of NO2 concentrations (µg/m
3) is analysed using
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three modelling approaches: kriging interpolation, Airviro dispersion model [13] and
LUR model [12]. In the second part, NO2 concentrations measured by various sensors
are fused with the NO2 concentrations estimated by both Airviro and LUR models. For
data fusion, one of the geostatistical techniques known as universal kriging is used, which
was employed in R programming language using “automap” package [14]. The aim is to
develop high-resolution NO2 maps for understanding the spatial variability of NO2 in the
city of Sheffield, UK.
Below, a brief description of the study area and the AQMN in Sheffield is provided,
followed by a description and comparison of the Airviro and LUR NO2 estimated maps.
2.1. Brief Description of the Study Area
Sheffield (53◦23′ N, 1◦28′ W) is one of the oldest and most historical cities in South
Yorkshire, UK. Sheffield is the second largest city in the Yorkshire and Humber region
and had a population of 584,853 in 2019. Sheffield is known as a green city and 61% of
its area is composed of green space. The Peak District National Park and Pennine upland
range lie to the west of the city and constitute one third of the city’s area. Sheffield has a
temperate climate. Air pollution is a serious environmental issue in Sheffield and most of
the urban area has been declared as an Air Quality Management Area (AQMA) due to the
high levels of NO2 and particulate matter (PM10). Sheffield has a large AQMN, which is
briefly described below (Section 2.2).
2.2. Air Quality Monitoring Network (AQMN) in Sheffield
There is a large network of one hundred and eighty-eight (188) NO2 diffusion tubes
(DT) in Sheffield (Figure 1a). The Urban Flows Observatory, at the University of Sheffield,
has made a network of forty-one (41) low-cost sensors (LCS) which has twenty-eight (28)
Envirowatch E-MOTEs and thirteen (13) AQMesh pods, providing continuous hourly
data of NO2 concentrations (Figure 1b). Furthermore, in Sheffield, there are three (3)
Automatic Urban and Rural Network (AURN) reference sites run by the UK Department
of Environment, Food and Rural Affairs (DEFRA) and five (5) reference stations run by the
Sheffield City Council (SCC) (Figure 1b). All these sensors make a multi-layer network
providing NO2 data. In this paper, NO2 data for over a year (August 2019 to September
2020) are analysed. A summary of the NO2 data from the network is provided in Table 1.
Further details on the network can be found in [12].
Table 1. Summary of annual mean NO2 concentrations (µg/m
3) measured by diffusion tubes (DT), automatic urban and
rural network (AURN), Sheffield City Council (SCC) and low-cost sensors (LCS) (AQMesh and Envirowatch) in Sheffield
(August 2019 to September 2020).
Metrics DT NO2 AURN SCC AQMesh/Envirowatch E-MOTE
Minimum 13.58 19.09 8.12 12.69
1st Quartile 28.29 21.00 24.05 25.08
Median 33.77 22.90 24.62 34.23
Mean 34.23 24.69 21.53 38.70
3rd Quartile 40.00 27.50 25.02 42.36
Maximum 91.75 32.09 25.86 136.81
Standard Deviation 9.65 6.68 7.53 27.69
Number of Sensors 188 3 5 41





Figure 1. Showing the locations of DT, LCS (both AQMesh pods and Envirowatch E-MOTEs), AURN
and SCC monitoring sites in Sheffield: (a) DT locations; (b) AURN, SCC and LCS locations.
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2.3. NO2 Map Estimated by Airviro
The Airviro dispersion model’s estimated map of NO2 concentrations is adopted
from Munir et al. [13], who used the Airviro (version 4.01) dispersion model, which
is an integrated modelling system for managing the emission database, modelling the
dispersion of pollutants, and handling air quality data. Airviro is a state of the art dispersion
model used by many researchers, consultants and local authorities globally for air quality
modelling. Like other dispersion models, Airviro requires local topography, pollutant
emissions and meteorological data to produce maps of estimated air pollutants. The Airviro
model, the required inputs and produced outputs are discussed in detail in Munir et al. [13].
Munir et al. [13] estimated the map of NOx concentrations, which were converted to NO2
by analysing the ratio of NO2/NOx. The original map is given in Munir et al. [13] and
the adopted map which is further analysed in this paper is shown here in Figure 2. The
resulting estimated map showed hotspots of NO2 concentrations around the city centre
and eastern part of the city towards the Tinsley Roundabout (M1 J34S). NO2 concentrations
decrease gradually going away from the city centre, particularly towards the west and
northwest of the city.
 
Figure 2. Spatial variability of annual mean modelled NO2 in Sheffield. Maps were developed using
Airviro model (modified from [13]).
2.4. NO2 Map Estimated by LUR
The LUR map used here is adopted from Munir et al. [12]. LUR is a widely employed
approach for the estimation of air pollution exposure using geographical information
systems (GIS) and statistical analysis to determine the association between geographical
features and measured atmospheric pollutant concentrations [15]. The LUR approach
was introduced by Briggs et al. [15] and since then has been used in numerous studies
around the world [16–23]. LUR models associate pollutant concentrations, such as NO2, to
site-specific geographical characteristics, e.g., topography, land use, population density and
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altitude. The use of these variables in the regression model is known to capture small-scale
variability on a city scale [24]. For more details, see [12]. The resulting map produced
by the LUR model [12], employing a generalised additive model, a nonlinear regression
approach, is shown in Figure 3, which is a high-resolution (100 m × 100 m) map. Figure 3
demonstrates higher levels of NO2 in the city centre, eastern side of the city and on major
roads. As compared to Figure 2, here, the busy roads are successfully highlighted, showing




Figure 3. Maps of annual mean modelled NO2 (µg/m
3) estimated by LUR model in Sheffield.
Modified from [12].
2.5. Kriging and Universal Kriging
Kriging is a type of geostatistical interpolation technique based on statistical models
that include statistical relationships among the measured points (autocorrelation). Kriging
is a form of probabilistic and local interpolation technique. Kriging uses Gaussian processes
for interpolating between various spatial points.





where Zi(Si) is the measured value at the ith location, λi is an unknown weight for the
measured value at the ith location, Zo(So) is the predicted value at the prediction location.
Simple kriging is used for stationary data if the mean is known; otherwise, ordinary
kriging is used. To fuse (integrate) model estimations with measured NO2 concentrations,
here, we employed the universal kriging technique, which is more advanced and capable of
handling data with more than one correlated variable. In universal kriging, the additional
observations of one or more covariates may lead to increased precision of the predictions.
This approach enables the merging of NO2 observations from a network of sensors, with
modelled values providing spatial information from the air quality models. Universal krig-
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ing, in contrast to ordinary kriging, allows the overall mean to be non-constant throughout
the domain and to be a function of one or more explanatory variables [9,25]. Universal
kriging is similar to kriging, with external drift and mathematically equivalent to regression
kriging or residual kriging [8]. In this paper, measured values are fused with LUR and
Airviro estimation using “automap” packages [14] in R programming language [26].
2.6. Model Validation
Performance of the universal kriging technique was assessed by calculating several
statistical metrics. Statistical metrics used for comparing measured and estimated concen-
trations were factor of two (FAC2), mean bias error (MBE), mean absolute error (MAE), root
mean square error (RMSE) and correlation coefficient (r). MAE and RMSE show the size
of the average error; however, they do not provide information on the relative magnitude
of the difference between predicted and observed values as these are based on absolute
values of the difference between estimated and measured values. On the other hand, MBE
describes the direction of the error bias. A negative value of MBE shows that predicted
values are smaller than the observed values, showing underprediction of the model. FAC2
is the percentage of the predictions within a factor of two of the observed values and the
correlation coefficient demonstrates the linear relationship between observed and estimated
concentrations. For more details on these metrics see Munir et al. [12,13].
For comparison purposes, the measured data collected by different sets of sensors were
split into training and testing datasets. Training dataset (75% of the data) and testing dataset
(25% of the dataset) were randomly selected using “caTools” package of R programming
language. After assessing the model performance, the model was retrained using the whole
dataset and applied to the rest of the city where measured data were not available.
3. Results and Discussion
In this section, firstly, the measured and interpolated NO2 concentrations (µg/m
3) are
analysed (Section 3.1), followed by data fusion (Section 3.2), wherein model estimations
are fused with measured NO2 concentrations.
3.1. Measured and Interpolated NO2 Concentrations
Figure 4 demonstrates both measured and interpolated NO2 concentrations for DT.
Annual mean of measured NO2 concentrations (µg/m
3) ranged from 13.58 to 91.75. It
should be noted that the air quality limit for annual mean NO2 concentrations is 40 (µg/m
3);
therefore, to protect human health, annual mean NO2 levels should not exceed this level.
The observed levels (Figure 4) show that the air quality limits are exceeded at several sites
in the city, especially in the city centre and on main roads. These readings are only for
point locations and there are large gaps between these locations. To create a continuous
map, in this paper, we used ordinary kriging for predicting NO2 concentrations for the
locations where measured concentrations were not available. Interpolated concentrations
are shown in Figure 4b, which demonstrates that air quality standards are violated in some
parts of the city centre and in the northeast of the city. However, in most of the city centre
and northeast of the city, NO2 levels range from 35 to 40 (µg/m
3). In the northwest and
areas adjacent to the city centre, the NO2 levels ranged from 30 to 35. Deep green and light
green areas mostly in the southwest part of the city show NO2 levels in the range of 20 to
30 (µg/m3), which is the area next to the Peak District National Park.





Figure 4. Showing point and interpolated NO2 levels from DT network: (a) NO2 concentrations
(µg/m3) from DT, and (b) interpolated NO2 concentrations (µg/m
3) using ordinary kriging.
Figure 5 shows NO2 levels measured by LCS, ranging from 8.12 to 136.81 (µg/m
3).
Exceedances of air quality standards are mainly shown in the city centre, where 10 En-
virowatch E-MOTEs were installed. However, due to the low number of sensors com-
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pared to DT, the interpolated maps are not as detailed as those produced by the DT.
Envirowatch E-MOTEs installed in the city centre recorded relatively higher concentra-
tions than the other parts of the city. Three Envirowatch E-MOTEs recorded particu-
larly higher NO2 concentrations: (a) outside Sheffield train station next to the taxi rank,
E-MOTE 904 (136.81 µg/m3), (b) Arundel Gate opposite to Genting Club, E-MOTE 732
(115.55 µg/m3), and (c) Sheaf Street/Sheaf Square adjacent to the pedestrian crossing for
Howard Street, E-MOTE 903 (107.17 µg/m3). The reason for the higher concentrations is
that these sites are very busy in terms of traffic flow and idling vehicles while stationary.
The taxi stand (E-MOTE 904) is a good example, showing how idling vehicles contribute to
air pollution in the city. E-MOTE 903 is installed next to a pedestrian crossing on a busy
road. People coming out of the train station use the pedestrian crossing going towards
the high street, Sheffield Hallam University and other parts of the city. The pedestrian
crossing is regularly used, interrupting the traffic flow and causing congestion. When the
lights turn red, road traffic stops but vehicle engines keep running. As soon as the lights
turn green, all vehicles try to accelerate quickly. Therefore, idling of engine and sudden
acceleration emits extra pollution, causing this location to be one of the most polluted sites.
E-MOTE 732 is installed in a typical street canyon, where the road has tall buildings on both
sides, hindering the dispersion of the pollutants emitted by the road traffic and causing the
pollution levels to increase. The other sites in the city centre where air quality standards
were exceeded are Paternoster Rows, Harmer Lane near Sheaf Street, Harmer Lane near
the bus station, Arundel Gate near Surrey Street and Howard Street. Two E-MOTEs at
the university campus that exceeded air quality limits were Regent Court and Broad Lane
(near St. George’s Terrace). In the outskirts of the city, air quality limits were exceeded at
three sites where AQMesh pods were installed: Saville Street, Abbeydale Rd and Brightside
Lane. At these sites, the main source of emission is road traffic. Therefore, road traffic is
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(b) 
Figure 5. Showing point and interpolated NO2 levels from LCS network: (a) NO2 concentrations
(µg/m3) from LCS, (b) interpolated NO2 concentrations (µg/m
3) using ordinary kriging.
Figure 6 combines both DT and LCS, showing a more detailed map of interpolated
NO2 concentrations (µg/m
3). Generally, it demonstrates the same pattern as shown
in Figure 4. However, in comparison to LUR (Figure 3) and Airviro models (Figure 2),
the interpolated maps are less precise and less detailed. Briggs et al. [10] compared
the performance of LUR with spatial interpolation methods (e.g., kriging, Triangular
Interpolation Network (TIN) contouring and trend surface analysis) and reported that LUR
performed much better than the interpolation techniques. The reason probably was that in
urban areas, spatial variability of air pollutants was more controlled by the local emission
sources, such as road traffic, rather than a smoothly varying field, which was assumed by
the interpolation methods.
3.2. Data Fusion—Fusing Model Estimations with Measured Concentrations
In this section, geostatistical universal kriging was used to fuse measured NO2 con-
centrations with estimated NO2 concentrations. NO2 measured by DT, LCS and DTLCS
are expressed as NO2-DT, NO2-LCS and NO2-DTLCS and estimation of LUR and Airviro
as NO2-LUR and NO2-Airviro, respectively.





Figure 6. Showing point and interpolated NO2 levels from both DT and LCS: (a) NO2 concentra-
tions (µg/m3) from both 188 DT and LCS, and (b) interpolated NO2 concentrations (µg/m
3) using
ordinary kriging.
3.2.1. Fusion of NO2-LCS with NO2-Airviro and NO2-LUR
Universal kriging was used to fuse NO2-LCS with NO2-Airviro and NO2-LUR.
Figure 7 presents the results of data fusion, where the fusion of NO2-Airviro with measured
NO2 is presented in Figure 7a and the fusion of NO2-LUR with measured NO2 is presented
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in Figure 7b. The resulting fused concentrations from the integration between NO2-Airviro
and NO2-LCS (Airviro-LCS) ranged from 6.14 to 138.93 µg/m
3. The range of these values
reflected the measured NO2-LCS concentrations (ranging from 8.11 to 136.81 µg/m
3),
whereas the spatial pattern followed the trend of NO2-Airviro. On the other hand, the
fusion of NO2-LCS and NO2-LUR (LUR-LCS) (Figure 7b) demonstrated a slightly different
pattern. The NO2 LUR-LCS ranged from 19.45 to 82.98 (µg/m
3), slightly overestimating
lower values and underestimating the higher values. For model validation, the fused
concentrations were compared with the measured concentrations using the testing dataset
(25% randomly selected) applying various statistical metrics (Table 2). Overall, NO2 LUR-
LCS showed slightly better correlation (r, 0.96) and less error (RMSE, 9.09) than Airviro-LCS
(r, 0.88 and RMSE, 18.16) when compared with measured concentrations. Overall, the
fusion of Airviro-LCS slightly underestimated NO2 concentrations, demonstrated by the







Figure 7. Resulting map of fused NO2 concentrations (µg/m
3) using universal kriging techniques:
(a) NO2 Airviro-LCS; (b) NO2 LUR-LCS.
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Table 2. Showing the values of different statistical metrics calculated by comparing fused and mea-
sured NO2 concentrations based on randomly selected testing dataset (train/test cross-validation).
FAC2, MBE, MAE, RMSE and r stand for factor of two, mean biased error, mean absolute error, root
mean squared error, and correlation coefficient.
Metrics Airviro-LCS LUR-LCS Airviro-DT LUR-DT Airviro-DTLCS LUR-DTLCS
FAC2 1 1 1 1 0.98 0.96
MBE −4.14 1.44 1.56 1.40 1.08 2.24
MAE 12.79 7.99 5.81 5.29 8.20 3.73
RMSE 18.16 9.09 7.18 6.74 10.42 10.43
R 0.88 0.96 0.70 0.70 0.56 0.59
3.2.2. Fusion of NO2-DT with NO2-Airviro and NO2-LUR
Maps produced by the fusion of NO2-DT with NO2-Airviro and NO2-LUR are pre-
sented in Figure 8, where the fusion of Airviro-DT is shown in Figure 8a and the fusion of
LUR-DT is shown Figure 8b. The fused NO2 Airviro-DT ranged from 17.19 to 74.78 µg/m
3.
NO2-Airviro concentrations ranged from 0.69 to 110, whereas NO2-DT ranged from 13.58
to 91.75 µg/m3. Airviro-DT showed higher concentrations in the city centre, east and
northeast part of the city and relatively lower concentrations in the outskirts of the city,
especially towards the west and northwest part of the city. Figure 8b shows NO2 LUR-DT,
which is the fusion between NO2-LUR and NO2-DT. Here, higher NO2 LUR-DT are shown
in the city centre, eastern and northeastern parts. However, some busy roads and hotspots
are also highlighted in some other parts of the city. NO2 LUR-DT ranged from 4.13 to
64.49 µg/m3.
Statistical metrics used to compare measured concentrations with fused concentrations
(Table 2) showed the same correlation coefficient for both LUR-DT and Airviro-DT (r, 0.70).
The values of other metrics, e.g., RMSE and MAE, also demonstrated negligible differences.
However, visually, LUR-DT produced more detailed maps and successfully highlighted
higher pollution levels on several busy roads.
3.2.3. Fusion of NO2-DTLCS with NO2-Airviro and NO2-LUR
Finally, the measured NO2-DTLCS were fused with NO2-Airviro and NO2-LUR. The
fused NO2 concentrations are presented in Figure 9, where the fusion of Airviro-DTLCS
is shown in Figure 9a and the fusion of LUR-DTLCS is shown in Figure 9b. The resulting
maps shown in Figure 9 look similar to those presented in Figure 8 in terms of spatial
coverage; however, actual values and their ranges are different. Fused Airviro-DTLCS
ranged from 15.11 to 126.88, whereas LUR-DTLCS ranged from 19.45 to 82.98 µg/m3.
The measured NO2-DTLCS ranged from 8.12 to 136.81 µg/m
3. Combining DT and LCS
measurements did not improve the model performance compared to using only NO2-DT.
In contrast, the values of correlation coefficient slightly decreased to 0.56 and 0.59 for
Airviro-DTLCS and LUR-DTLCS, respectively. Values of RMSE were 10.42 and 10.43 for
Airviro-DTLCS and LUR-DTLCS, respectively (Table 2). This shows that increasing the
number of sensors will not necessarily improve the output of the data fusion, especially if
the sensors are not the same type.





Figure 8. Resulting maps of fused NO2 concentrations (µg/m
3) using universal kriging techniques:
(a) NO2 Airviro-DT; (b) NO2 LUR-DT.





Figure 9. Resulting map of fused NO2 concentrations (µg/m
3) using universal kriging techniques:
(a) Airviro-DTLCS; (b) LUR-DTLCS.
The values of measured NO2 concentrations are reflected in fused values, whereas
the spatial trend is determined by the model values. The fused maps provided better
coverage and more realistic concentrations than the interpolated maps using ordinary
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kriging. Data fusion also improved the NO2-Airvrio and NO2-LUR maps, producing more
realistic maps based on both measured and estimated concentrations. Overall, the fusion
of LUR with measured concentrations produced better results than the Airviro model in
terms of correlation coefficient, RMSE and MAE.
In this study, different monitoring and modelling approaches were used to produce
high-resolution spatial maps of NO2 concentrations in urban areas. Air quality monitoring
is the more accurate source of data for assessing air pollutant levels. However, the air
quality monitoring network cannot be dense enough to provide measured data for each
spatial point in the whole city. Therefore, different modelling approaches (e.g., spatial
interpolations, dispersion models and LUR models) are required to predict air quality
information between monitoring stations. These models, in addition to measured data,
use emission data, meteorology data, traffic characteristics, population data and land use
characteristics. One of the issues with air quality modelling is its level of uncertainty, which
is significantly higher than the measured data [27]. This is where data fusion techniques
play their role by combining measured and modelled data in such a way to improve the
spatiotemporal resolution of the measured data and accuracy of the modelled data.
Huang et al. [28] applied data fusion techniques to integrate measured and model
estimation over North Carolina, USA. In contrast to this study, Huang et al. [28] analysed
the levels of several air pollutants which were PM2.5, CO, NOx, NO2 and five particulate
species (organic carbon, elemental carbon, and sulphate, nitrate and ammonium ions).
They reported that the application of data fusion reduced biases in the model estimation.
The correlation coefficient for the cross-validation test was 0.91 in Huang et al. [28], which
was less than this study (r-value 0.96). Gressent et al. [29] analysed air quality data from
low-cost sensors and integrated them with the estimation of ADMS-Urban in France. In
contrast to this study, which uses annual NO2 concentrations, Gressent et al. [29] used
hourly data and estimated PM10 concentrations for 29 November 2018 from 7 a.m. to
7 p.m. They used external drift kriging, which is similar to universal kriging, and re-
duced the bias from 8% to 2% when considering LCS observations instead of the model
alone. Schneider et al. [9] employed geostatistics methodology to fuse NO2 concentra-
tions obtained from a network of low-cost sensors (AQMesh) and EPISODE dispersion
model. EPISODE is a 3-D Eulerian/Lagrangian dispersion model providing atmospheric
air pollutant forecasts at urban and regional scales. For more details on the EPISODE
model [30]. Schneider et al. [9] evaluated the geostatistics universal kriging methodology
for fusing both measured and predicted data of NO2 in Oslo, Norway during January
2016. Results showed that the fusing method was able to produce realistic hourly NO2
concentrations, which inherited the spatial trend of the pollutant from the EPISODE model.
Furthermore, fused data were compared to measured data from a reference instrument and
results showed reasonably good resemblance between measured and fused data, with R2
value of 0.89 and mean squared error of 14.3 µg/m3. Their model showed slightly inferior
performance in comparison to this study, with r-value 0.96 and RMSE 9.09. Furthermore,
Schneider et al. [9] had used a shorter time-period of one month and fewer sensors as
compared to this study, which used NO2 data for a whole year from more sensors.
Most of the data fusion techniques mentioned above are applied on city scales. How-
ever, several researchers have also applied the data fusion approaches to air quality data
on a country level [31] or global level [32]. Liang et al. [31] developed a data fusion method
and compared the outputs with kriging-with-external-drift (KED) and the chemistry mod-
ule from WRF-Chem (Weather Research and Forecast Model with Chemistry Module).
KED is a type of universal kriging that takes into account the local trend of the variable
(e.g., air pollutant concentrations) as well as external drift (a spatial trend) when minimising
the variance of estimation [8]. Both KED and WRF-Chem were used to estimate daily PM2.5
levels in 10-km grid cells in China during 2013. The estimated concentrations from both
KED and WRF-Chem were then fused with measured observations. For fusion, a simple
linear regression model was applied between the observed and estimated concentrations
for both KED and chemistry models in turns. The regression coefficients obtained from the
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regression model were used to adjust the predicted concentrations. The performance of
the models was evaluated, and KED and regression data fusion methods showed better
performance in terms of R2 value of 0.95 and 0.94, respectively, as compared to the value
of 0.51 for WARF-Chem model. Shaddick et al. [32], employing a Bayesian hierarchical
modelling framework, estimated that 92% of the world’s population lived in areas where
air pollution levels exceeded the World Health Organization’s air quality guidelines. How-
ever, the results of these investigations carried out on a country or global level are not
comparable with studies conducted on a city level.
4. Conclusions
In this paper, different modelling and data fusion techniques were employed to
analyse the spatial variability of NO2 concentrations (µg/m
3) in the city of Sheffield. NO2
was monitored by 188 DT, 41 low-cost sensors, 3 AURN and 5 SCC monitoring stations.
The main difference between LCS and reference sensors is that LCS are cheaper, compact
and their measurements are less reliable, whereas AURN and SCC use reference sensors
which are much more expensive and reliable. However, the reference AQMN is sparse,
having fewer AQMS, which are not enough for understanding the spatial variability of
NO2 in Sheffield. Therefore, the networks of LCS and DT were used for analysing the
spatial variability of NO2 concentrations and validating the models. Air quality standards
were exceeded at several locations in Sheffield, particularly in the city centre and on some
busy roads, where annual mean NO2 levels were higher than 40 µg/m
3. The highest levels
of NO2 were recorded by the Envirowatch E-MOTE installed next to the Sheffield train
station taxi rank (136.81 µg/m3), followed by the Sheaf Street/Sheaf Square pedestrian
crossing (115.56 µg/m3) and Arundel Gate (107.17 µg/m3).
Three modelling approaches were used to produce maps of NO2 concentrations in
Sheffield: (a) geostatistical kriging interpolation, (b) Airviro dispersion modelling, and
(c) LUR based on the generalised additive model. Measured NO2 concentrations were
fused with the estimated concentrations using universal kriging, which is an advanced
kriging technique that is employed for data having more than one correlated variable.
Six sets of measured and estimated NO2 data were fused: (i) Fusion of NO2-Airviro with
NO2-LCS; (ii) Fusion of NO2-Airviro with NO2-DT; (iii) Fusion of NO2-Airviro with NO2-
DTLCS; (iv) Fusion of NO2-LUR with NO2-LCS; (v) Fusion of NO2-LUR with NO2-DT;
and (vi) Fusion of NO2-LUR with NO2-DTLCS. Fused NO2 were compared with measured
concentrations in terms of different statistical metrics including FAC2, r, RMSE, MAE
and MBE. Maps produced by the fusion of NO2-LCS and NO2-LUR produced better
results, with an r-value of 0.96, followed by the fusion of NO2-Airviro with NO2-LCS,
with an r-value of 0.88. Fused maps developed by universal kriging provided better
spatial coverage and similarity with measured concentrations than the ordinary kriging
interpolation, Airviro and LUR models. Fused maps combining measured and estimated
concentrations produced more realistic concentrations and provided better spatial coverage.
This study presents a geostatistical universal kriging approach for fusing measured
and estimated NO2 concentrations to improve our understanding of small-scale spatial
variability in NO2 concentrations in Sheffield. This approach adds value to both measured
and estimated values: the measured concentrations are improved by predicting spatiotem-
poral gaps, whereas the modelled concentrations are improved by constraining them with
observed data. The main findings of this study are: (a) The universal kriging approach
was capable of estimating realistic NO2 concentration maps from the fusion of measured
and modelled concentrations. The fused NO2 concentrations inherited spatial patterns
of the pollutant from the model estimations and adjusted the modelled values using the
measured concentrations. (b) A huge number of sensors are required to provide reasonable
spatial coverage at a city level, which is too expensive. Spatial modelling (e.g., dispersion
model and LUR model) and data fusion approaches can provide city-level maps by inte-
grating pollutant concentrations measured by the AQMS with modelled concentrations.
(c) According to Schneider et al. [9], the accuracy of the data fusion depends on the number
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of sensors, their spatial distribution, their uncertainty and the accuracy of the estimated
values to be fused with measured values. Here, we showed that in addition, the accuracy
of the data fusion also depends on the uniformity of the sensors, meaning that using the
same type of sensors can result in better accuracy. Increasing the number of sensors will
not necessarily improve the model outputs, especially if sensors are not of the same type.
For example, maps produced by the fusion of NO2-LCS with NO2-LUR (r-value 0.96) and
NO2-Airviro (r-value 0.88) produced better results than when both NO2-DT and NO2-LCS
were used together and fused with NO2-LUR or NO2-Airviro, when the r-values decreased
to 0.59 and 0.56, respectively.
The uniqueness of this study is that it uses estimated NO2 concentrations from two
sources—a dispersion model and a land use regression model—and measured NO2 con-
centrations from three sources: diffusion tubes, reference sensors and low-cost sensors. The
study applies geostatistical universal kriging for data fusion and produces high-resolution
maps of NO2 in Sheffield.
Limitations/weaknesses: (a) NO2 diffusion tube data were downloaded from the
Sheffield City Council website; we do not know which correction factors were applied
before they were published online. (b) Low-cost sensors have their limitations and are not
as accurate as reference sensors. The data from the low-cost sensors are postprocessed by
the manufacturers with the aim of correcting cross-interferences as well as the effects of
temperature and relative humidity. The AQMesh pods include an O3-filtered NO2 sensor
from Alphasense, which is designed to reject O3 and hence eliminate cross-sensitivity
issues. However, none of these sensors was collocated with the reference sensor in the field;
therefore, we could not develop and apply correction factors.
In the future, we aim to apply this approach to high-resolution spatiotemporal data
(e.g., hourly data on city scale) to further improve spatiotemporal estimation of NO2
concentrations. Furthermore, the data fusion work would be done in as near to real time as
possible in the form of an app, so as to provide public health advice.
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